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A methodological framework is provided for the quantification of climate change effects on site index.
Spatio-temporal predictions of site index are derived for six major tree species in the German state of
Baden-Wiirttemberg using simplified universal kriging (UK) based on large data sets from forest inven-
tories and a climate sensitive site-index model. It is shown by a simulation study that, with the under-
lying large sample size, residual kriging using ordinary least squares (OLS) estimates of the mean
function leads to an approximately unbiased spatial predictor. Moreover, the simulated coverage proba-
bilities of resulting prediction intervals are quite close to the required level. B-spline regression tech-
niques are applied to model nonlinear cause-and-effect curves for estimating site indexes at existing
inventory plots dependent on retrospective climate covariates. The spatially structured error is modeled
by exponential covariance functions. The mean model is then applied to downscaled climate projection
data to spatially predict the relative changes of site index under perturbed climate conditions.
Applying climate projections of an existing regional climate model based on IPCC emission scenarios
A1B and A2, it is found that site index of all tree species would be decreased in lowland areas, and
may increase in mountainous regions. Silver fir and common oak stands would also show increased site
indexes in mountainous regions, but further extended to lower elevation levels. Site conditions in the
Alpine foothills may remain highly productive for growth of Norway spruce, Baden-Wiirttemberg’s most
dominant tree species. Whereas site index of common beech and Douglas-fir may decrease to almost the
same relative amount and on nearly the same sites as Norway spruce, site index of Scots pine may be less

affected by future climate change.

© 2012 Elsevier B.V. All rights reserved.

1. Introduction

The effects of climate change caused by atmospheric emissions
of greenhouse gases are assumed to increase more rapidly than for-
ests might react on the strength of their natural adaption potential
in terms of phenotypic plasticity, evolution or migration (Iverson
and Prasad, 1998, 2000). Therefore, human intervention is neces-
sary to improve adaptiveness and to assure future productivity of
managed forests. It was found that global warming has already
led to extended growing seasons in the recent past (Menzel and Fa-
bian, 1999; Chmielewski and Rotzer, 2001), but may also cause
growth depression due to droughts, especially in conjunction with
shifting precipitation sums from summer to winter months. That
means, for regions with heterogeneous topography such as Ba-
den-Wiirttemberg (Fig. 1) the effects of climate change may result
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in both, reduced and increased productivity depending on sites;
see the findings in Latta et al. (2010) for United States Pacific
Northwest. Concluding from existing knowledge about vegetation
ecology (Ellenberg, 2009) climate change will have unequal effects
on the different tree species. Because of long rotation periods usu-
ally applied in sustainable forest management, long-term progno-
ses such as shown in Lindner et al. (2000) and in K&hl et al. (2010)
are now required to support practitioner’s decisions on the optimal
choice of certain tree species compositions for replantings.

Our study provides prognoses showing where and to which
amount and direction site index of certain tree species could
change as a response to future climate trends in the German state
of Baden-Wiirttemberg. Like in the paper by Albert and Schmidt
(2010), site index, which is the dominant height at certain
reference age, is applied here as an indicator for site productivity.
According to the traditional site-index concept two models are
built, an age dependent dominant height growth model and
another regression model for site index dependent on climate
and topographic variables. The dominant height growth model is
fitted to repeated measurements from regional forest inventories



98 A. Nothdurft et al./Forest Ecology and Management 279 (2012) 97-111

73
143
a'\'a Coz
(R
q .
2%
Ly 25 'ﬁ\,‘h 6\»“9
AR
o s
o
< )

foothills

Fig. 1. Geographical regions of Baden-Wiirttemberg located in Southwest Germany.

and used to estimate current site index of inventory plots by
height growth projections. The site-index model is fitted to these
growth projections on all sample plot locations of regional
inventories as well as of the German national forest inventory in
Baden-Wiirttemberg.

The site-index model is based on nonparametric B-spline
regression producing biologically plausible cause-and-effect
curves of parabolic shape (Kahn, 1995). Our approach to spatial
prediction of site index was inspired by Mandallaz (1993) who
adopted geostatistical methods to forest inventory. It is based on
a simplified universal kriging (UK) with the site-index model used
as the mean function and an exponential autocorrelation function
for the random spatial variation component. The huge amount of
observations from forest inventories inhibits the application of
iteratively re-weighted generalized least squares (IRWGLS), which
is often applied to account for spatial correlation. However, we
hypothesized for this study that OLS-residuals (first step of
IRWGLS) are sufficient for reliable estimation of spatial process
parameters and also for spatial predictions based on residual
kriging if large data sets from forest inventories are available. Using
exhaustive simulations of Gaussian random fields it is examined,
whether OLS in conjunction with residual kriging yields approxi-
mately unbiased parameter estimates of the semi-variogram func-
tion, approximately unbiased spatial predictions, and, finally,
predefined coverage rates of estimated prediction intervals.

The major two aims of this study are (i) to provide spatio-
temporal predictions of site index for different climate scenarios
in Baden-Wiirttemberg, and (ii) to provide a statistically sound
and easy to implement approach to model the effects of climate
change on site index using large data sets from forest inventories
and climate projections.

2. Material
2.1. Climate data
2.1.1. Retrospective climate data

Regression modeling of site index is based on retrospective
climate data for the period between 1971 and 2007. Daily

resolution values of climatic variables on a 50 m x 50 m grid were
derived by a hierarchical model chain, which merges statistical and
dynamical downscaling steps. Large-scale atmospheric processes
of the recent climate system were represented by NCAR/NCEP
reanalysis series (Kalnay et al., 1996), defining lateral boundary
conditions at the top of the model chain in a coarse grid resolution
of 2.5° x 2.5° (latitude/longitude). To take into account mesoscale
atmospheric processes, dynamical downscaling was performed in
two consecutive downscaling steps using the nonhydrostatic re-
gional climate model Weather Research and Forecasting (WRF)
(Skamarock et al., 2005; Langkamp and Béhner, 2011). In the first
downscaling step results were produced in a 30 km x 30 km grid
resolution for an extended area, broader than Baden-Wiirttem-
berg’s territory, to sufficiently depict synoptic scale processes
(e.g. fronts and disturbances). The second step was restricted to
the actual Baden-Wiirttemberg region and yielded gridded data
of 5 km x 5 km resolution, in which most of the regional-scale fea-
tures of the boundary layer were sufficiently considered.

To bridge the spatial scale gap between the coarse grid-point
representation of the WRF and the needs for local scale climate
information for regression modeling of site index, a further statis-
tical downscaling scheme was implemented. Meteorological obser-
vations from the met-station network of the German National
Meteorological Service (Deutscher Wetterdienst, DWD) were
linked to WREF circulation variables using multivariate statistical
analysis to define robust transfer functions. Assuming that spatial
and temporal variability of climatic variables is predominantly
controlled by both, mesoscale synoptic modes and surface-forced
sub-synoptic processes, the applied approach directly integrates
local and complex surface parameters in the exploitation of trans-
fer functions (cf. Bohner and Antoni¢, 2008) and thus enabled a
final downscaling to produce climate layers with high resolution
of 50m x 50 m grid width, sufficiently accounting for local
topographic settings and the specific surface heterogeneity in
Baden-Wiirttemberg.

However, to guarantee that the downscaling results were con-
sistent with actual local weather recordings, a final bias correction
was applied using a kernel smoother and the local residuals ob-
tained from the deviation between the downscaled climate layers
and long-term daily met-station observations. For a more detailed
description of the statistical downscaling approach the reader is
referred to Béhner (2006) and Bohner and Antonic (2008).

The downscaling approach described above was applied to the
daily total precipitation, and the average, the maximum and the
minimum daily temperature. This led to a total of 13,514 grid data
files for each of the four variables representing daily values in
50m x 50 m spatial resolution and covering the period from
1971 to 2007. However, only the variables daily precipitation and
average daily temperature were later used for defining appropriate
covariates for regression modeling. Due to strong correlations
among the temperature variables, no relevant extra information
was provided by the minimum and the maximum temperature.

In the regression models predicting the spatial trend of site in-
dex we considered 30-year long-term means, for the period be-
tween 1978 and 2007, of total precipitation during the growing
season (precipitation or PGS) and the total of average daily temper-
atures during the growing season (temperature or TGS) as explain-
ing variables. For the definition of the growing season, we followed
v.Wilpert’s (1990) criteria for the determination of its beginning
and duration. He states that the growing season starts if the se-
ven-day moving average daily temperature is greater than or equal
to ten degrees centigrade; and growing season stops if either the
seven-day moving average daily temperature is less than ten de-
grees centigrade on five consecutive days or if the limiting-daylight
criterion is met, which is set at 6th of October. Once growing sea-
son has stopped it may continue again if the seven-day moving
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average daily temperature rises above ten degrees centigrade on
five consecutive days and as long as the limiting-daylight criterion
is not met. In addition to the temperature and the limiting-daylight
criteria a third criterion was originally formulated in v.Wilpert
(1990) taking into account that tree growth is interrupted by
drought if soil moisture tension falls below —1100 hectopascal
on five consecutive days. Because so far no information for soil
conditions in Baden-Wiirttemberg were available to derive predic-
tions from a water balance model, the drought criterion was omit-
ted for the present study.

For each 50 m x 50 m pixel and each day it was checked
whether the criteria were met yielding binary 0/1-grids of the en-
tire region for each day; 1 indicates that tree growth is assumed to
occur. Each of the binary grid data files is then multiplied with the
corresponding grid containing the downscaled results for the daily
precipitation, and the average daily temperature respectively, and
from those products cumulative sums were calculated over each
calendar year. This procedure resulted in one grid data file per cal-
endar year, wherein each pixel contains the TGS and the PGS. Final-
ly, retrospective 30-year averages for the period between 1978 and
2007 of both climate variables were calculated.

The application of totals during the growing season has the
pleasant side effect that correlations among the climate variables
are reduced. Whereas correlation between the 30-year long-term
average of the total annual precipitation and the 30-year average
daily temperature is -47%, correlation is reduced to only -19%
when using TGS and PGS as totals during the growing season.
The same effect happens to the correlation between the long-term
averages of precipitation and elevation above sea level; correlation
between elevation and the total annual precipitation is 55% and is
reduced to only 32%, when using PGS.

2.1.2. Climate projection data

The climate projection data stem from existing climate simula-
tions performed by the hydrostatic Regional Climate Model (RCM)
REMO (Majewski, 1991; Roeckner et al., 1996; Jacob, 2001; Jacob
et al, 2001) on initiative of the German Federal Environment
Agency (Umweltbundesamt). REMO was forced by lateral bound-
ary conditions of the general circulation model (GCM)
ECHAMS5-MPIOM (Roeckner et al., 2003) to produce daily climate
values in 10 km x 10 km horizontal grid resolution for the scenar-
ios A1B, A2 and B1 from the Special Report on Emissions Scenarios
(SRES) (Nakicenovic et al., 2000) of the Intergovernmental Panel on
Climate Change (IPCC). REMO projections were spatially refined to
grid data files with higher grid resolution of 1 km x 1 km using the
same downscaling approach as applied to the retrospective climate
data described above.

Due to the coarse resolution of the RCM output and the rela-
tively fine resolution required in our study, it happens that the
downscaled grid data files of climate projections show implausible
spatial patterns, especially with respect to precipitation, which can
be higher than expected in low lands on the windward side of
mountains and lower than expected in mountainous terrain. For
solution, the easy to apply so-called anomaly approach was used,
which means that the climate model’s predicted future change in
relation to a predefined reference period is added to observed
climate time series in the past to yield future climate projections.
As the available REMO projection data started in 2001 and retro-
spective data ended in 2007, the reference period was set to the
range from the beginning of 2001 until the end of 2007. Grid data
files of seven-year averages of the TGS and of the PGS are therefore
calculated with respect to the reference period from 2001 to 2007
for both data sets, the projections and the retrospective data. The
difference between both data sets, which can be termed as climate
model bias, is finally subtracted from the future projection grid
data. The site-index model, developed by the nonparametric

Table 1
Number of sample plots and trees from the forest inventory data used for fitting the
growth model and the site-index model.

Species Growth model Site-index model
Sample plots Trees Sample plots

Norway spruce 34,621 57,472 91,642

Silver fir 12,816 19,374 33,987
Douglas-fir 3989 4922 9356

Scots pine 10,376 14,892 31,559
Common/Sessile oak 9690 13,010 28,230

Common beech 28,296 43,410 81,241

regression fit to the retrospective data, is used to estimate site
index of inventory plots based on the 30-year averages of PGS
and TGS for the two periods [2011,...,2040] and [2041,...,2070].

2.2. Forest inventory data

The forest inventory data used in this study comprise the sam-
ple plot data from Baden-Wiirttemberg regional inventories (BI),
and from the German national forest inventories (BWI). In the BI
sample plots have been arranged in regular grids of 100 m
x 200 m mesh width in the past and of 200 m x 200 m today.
The interval between two consecutive measurements in the BI is
usually ten years. The sample plots of the BWI were selected using
a 2 km x 2 km grid. Different from the wide-meshed BWI plots,
which are established in forests of all types of ownership, the BI
plots are only established in state forest districts and municipal
forests.

The crucial variable for site-index modeling, repeatedly mea-
sured on all inventory plots, is dominant height, here of the six ma-
jor tree species occurring in Baden-Wiirttemberg. These are
Norway spruce (Picea abies (L.) H.Karst.), silver fir (Abies alba Mill.),
Douglas-fir (Pseudotsuga menziesii Carriére), Scots pine (Pinus
sylvestris L.), common/sessile oak (Quercus robur L./Quercus pet-
raea (Mattuschka) Liebl.) and common beech (Fagus sylvatica L.).
Tree height measurements of the BI are available from 1996 to
2009 (for common/sessile oak from 1994), of the BWI from 1986
or 1987 to 2009 or 2010, depending on the tree species. More
recent inventory data were not available for this study, because
regional forest inventory is usually performed one year before for-
est management planning is started, and inventory data files are
transfered to the central database not until forest management
planning is completed. See Table 1 for the numbers of sample plots
and trees with repeated height measurements in the BI. Even for
the rarest species, Douglas-fir, there are 4,922 dominant trees with
repeated height measurements on 3,989 sample plots. Since site-
index projection becomes more uncertain the more stand age dif-
fers from the reference age, only sample plots were considered
here, on which dominant height tree age is between 40 and 200
years.

The data from both inventory systems were finally pooled and
provided with site-index predictions for the interesting future
periods covering the entire forest area of Baden-Wiirttemberg.
Such predictions are available for Norway spruce at 91,642 forest
inventory sample plot locations and at 9,356 sample plot locations
for Douglas-fir (Table 1). That pooled data set was then used for
spatial predictions of site index by simplified UK.

3. Methods
3.1. Dominant height growth

Earlier work showed that Sloboda’s (1971) height growth
function
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Table 2
Parameter estimates and R? (calculated as one minus residual sum of squares divided
by total sum of squares) for the dominant height growth model.

Species 2 W Vs R?

Norway spruce 59.794 0.100 0.465 0.32
Silver fir 61.297 0.400 0.798 0.41
Douglas-fir 75.711 0.249 0.666 0.37
Scots pine 111.175 0.570 1.077 0.22
Common/Sessile oak 82.043 0.167 0.694 0.14
Common beech 68.710 0.072 0.441 0.19

exp {%—W—z]}
(3-1)tV3 ) (3-1)
h(t) = ¢y [h(to)/y4] 17 AR (1)

is a good choice for height growth modeling of Norway spruce in
Baden-Wiirttemberg (Nothdurft et al.,, 2006). Here, we obtained
the estimates of the y-parameters (see Table 2) using nonlinear
least squares to fit the first-order derivative form

oh(t) h(t) U
% = (1)

(2)

to the observed dominant height growth increments of the BI,
which simply result from the differences between consecutive
dominant height measurements of the trees. h(t) was set to the
average height and t the average age of the two consecutive
measurements.

Site index is now defined as the dominant tree height at refer-
ence age t, = 100 years. For a given observation of dominant height
h(t) at age t on an arbitrary sample plot a projection of site index
can consequently be achieved by

exp | —2 2
h(tolh(t),6) = vy [A(E) fyy] Lo e ] (3)

which describes a set of curves over positive ages t,. With t given,
the two curves for any pair of positive h(t) do not intersect.

3.2. Spatial modeling

The spatial process of site index is here defined for any arbitrary
location s in the Baden-Wiirttemberg region W as

Y(s) = X(s) B+ b(s) +€s), (4)

and is composed of

(i) a fixed linear trend dependent on site and climate variables
in x(s),

(ii) a spatially correlated error in terms of a Gaussian process
b(s), with 0 mean, variance ¢?, and spatial autocovariance
function c(h), h being the distance between two locations s;
and s;,

(iii) and an unstructured error €(s) ~ N(0, 52).

In its vector form
y=Xp+Ub+e€ (5)

one recognizes the mixed-model formulation of the geostatistical
UK model with covariance matrix

Cov(y) = = *URU' + ¢’I, (6)
and correlation matrix
R = Corrlb(s;), b(s;)] = p(s; —5,)- )

After some trials an exponential correlation function p(h)=
exp(—h/a) was chosen, leading to the covariance function

0*exp (—1), forh>0
ey —{ P ®)
g%+ 07, forh=0
and to the parametric semi-variogram model
24+0*[1—exp(-1)], forh>0
v(h) = 0+ o)l 9
/() {0, for h = 0. ®

The unstructured error €, which is represented by o, is termed the
nugget effect and mathematically quantifies measurement error.

Universal kriging is often performed as kriging of the residuals
y — Xp. However, this causes the well-known circular problem.
The estimation of g via GLS requires the autocovariance matrix
(Eq. (6)), while an estimate of g is needed to calculate the empirical
residuals, which are necessary to estimate the autocovariance ma-
trix. As described in Cressie (1991) and Schabenberger and Gotway
(2005) a usual approach to handle the “cat and mouse game of uni-
versal kriging” is to apply Neuman and Jacobson’s (1984) approach
of iteratively re-weighted generalized least squares (IRWGLS).

In IRWGLS a prior OLS estimate

Pois = (X'X) "' X'y (10)

of the trend parameters leads to empirical residuals e = y — XBo.s,
and afterwards nonlinear least squares (NLS) is used to fit a para-
metric semi-variogram model 7(h;0,0,a) to the empirical
counterpart

¥ (h) = m%m) ~ (s’
N(h) = {(si;s;) : 5 —§j = h;i,j = 1,...,n}.

(11)

Having obtained those prior variogram parameter estimates (0, g, &),
one estimates the covariance matrix X and achieves a first GLS
estimate

Pas = (X' EX) X'y, (12)

which allows for a new least squares fit of the variogram based on
the residuals

Y(si) — X (51)Bars (13)

and a new £ as the starting point of a new iteration. This iterative
procedure is continued until a convergence criterion is met.

The dilemma with large data sets, such as the forest inventory
data in this study, is that the high-dimensional n x n covariance
matrix becomes intractable, and therefore GLS is not feasible. How-
ever, we will show that the first OLS fit can be sufficient under
these circumstances. Therefore, OLS was applied to estimate the
p parameters, and the variogram parameters were also derived
from that single OLS fit.

Instead of Matheron’s (1962) classical estimator, given above in
Eq. (11), we used the robust variogram estimator

4
2)*(h) = (W(l,mZ[e(Sf) - E(Sj)]m) /(0-457 +0.494/IN(h))),
N(h)

(14)
proposed by Cressie and Hawkins (1980). Based on visual assess-
ments of the resulting variogram range and having in mind the
envisaged local kriging procedure, only location pairs having a dis-
tance smaller than h =15 km were considered.

Site-index predictions are spatially kriged at any location sg in
moving 100 point neighborhoods by

Yo :X(So)/BOLS'Fé/,if] v-—XB), (15)

“w on

Here, indicates the simplification of the universal kriging predic-
tor in terms of a local predictor, and X_ is no longer high-dimen-
sional, but only 100 x 100 and thus numerically tractable.
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Table 3

Information on the design of the applied B-spline regression functions for the mean model. In column Knots “P05” means a knot is placed at the 5th percentile of regressor
variable. In column Removed it is indicated by “L2” that the two first columns are removed from X,, a removal of the last two columns is indicated by “R2”. “R3” in column

Summated means that the last three columns are added up.

Variable Unit B-spline Columns of X, Dimension of X,
Degree Knots Removed Summated

Total precipitation during mm 3 0, P05, P50, P95, 5000 L2, R2 3

the growing season

Total of average daily temperatures °C 3 0, P01, P05, P25, P50, P75, P95, P99, 6000 L2, R2 7

during the growing season

Elevation above m 2 0, 500, 800, 1100, 1500 L2 4

sea level

Stand age years 3 0, 50, 100, 150, 251 L2 R3 3

For interval prediction, the universal kriging variance

E(Vo — Jo)? = 02 + 0> — 'S¢ + [X(s0)' — C=7'X]
x X'Z7'X) "V [x(so) — ¢Z'X] (16)

was approximated by
Var(yo) = 62 + 0> — ¢ 2-"¢. (17)

The rationale of omitting the rightmost additive term of Eq. (16) is
that it quantifies the precision of the estimator of 8, and we argue
that the error of § can be neglected when using such large data sets,
irrespective of whether GLS or OLS is applied.

Constructions of 95%-intervals were finally obatined by

Yo+ 1.961/ Var (o). (18)

3.3. Modeling the mean function

Prior to the study, three conditions have been formulated,
which had to be met by the mean function of the spatial site-index
process given in Eq. (4); (i) linearity, to avoid iterative nonlinear
least squares; (ii) flexibility, to model biologically plausible
cause-and-effect curves of complex nonlinear relationships; (iii)
parsimony, to allow for easy implementation of the entire model
in Baden-Wiirttemberg’s forest inventory software. It is described
in the following how these three conditions can be met using
B-spline regression techniques.

A B-spline function is defined for the range of a vector of knots

K= (Ktyeo o Kiptyeeyee oy K ds o Ka) s (19)

and consists of d basis functions (B} (x),...,B}(x)) of degree I. Each
of the basis functions is defined for the range between [ + 2 consec-
utive knots, and the definition range of a single basis function
overlaps the definition ranges of 2I neighboring basis functions.
With given knot vector k a basis function of degree [=0 is

defined by
1 forx,<x<kK
Bo -1, x) = RS v+1
v = T () { 0 otherwise,
(20)
and according to de Boor (1972) and Cox (1972) basis functions of
higher order are recursively defined by

X—K _
B, (x) = B,
Kyl — Ky

Ky — X -1
(X) * Kytl+1 — Kyt B I(X). (21)

To guarantee that

holds for every x € [x1,k4], the boundary knots are replicated !

times, so that «; =---=kKpq and Kq_; = - - = Kg.
The entire regression matrix
X=X1,...,Xp) (23)
in Eq. (5) is composed of the p sub-matrices
Bi(xa) ... Bylxa)
Bll (Xzn) Bi{ (Xzn)

each of which corresponds to a single regressor variable
X;=(Xz1,...,Xzn) with z=1,...,p. This reveals that the B-spline
regression technique is nothing else than a multiple linear regres-
sion model.

In this paper, B-spline basis functions of degree [ = 3 were gen-
erally used, except for elevation above sea level ([m]), where a de-
gree of [ =2 proved to be sufficient. It was found that relaxing the
condition given in Eq. (22), in terms of adding up or removing some
of the first or last columns of X, (see Eq. (24)), has a stabilizing ef-
fect on the shape of the curves at the edges of the data range and
also produces plausible shapes for extrapolations beyond that
range. Detailed information on the chosen spline degrees and knot
vectors, and of the design of the X, matrices is given in Table 3.

3.4. Validation based on simulation of Gaussian random fields

A comprehensive validation is performed in terms of unbiased-
ness (i) of the NLS estimator of the variogram parameters, and (ii)
of our approximation of the UK predictor (Eq. (15)). Furthermore, it
is validated whether observed coverage rates obtained by Eq. (18),
based on the approximation of the UK kriging variance given by Eq.
(17), would be equal to the nominal 95% level.

Validations are based on simulations of Gaussian random fields
(GRFs) on a lattice with grid cells of 100 m x 100 m width, which
corresponds to the minimum mesh width applied in regional forest
inventories. For simulations of GRFs the R-library RandomFields
of Schlather (2001) was used. Because simulations with Random-
Fields did not work for the 100 m x 100 m grid covering the en-
tire Baden-Wiirttemberg region, a representative 90 km x 90 km
sub-window W* was constructed, which was arranged so that a
broad range of site conditions is covered. As process parameters
we used the parameter estimates from the complete data available
for Norway spruce in Baden-Wiirttemberg. The simulated lattice
data were reduced to existing sample plot locations in W* to take
effects on the variogram estimation into account, which may arise
from irregularly thinned sampling grids. To further examine the
performance of the predictors presented in this paper the simu-
lated data were split into training data and validation data (see
B. below). The validation procedure comprises the following con-
secutive steps:
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A. Obtain parameter estimates for simulation.

1.

7.

8.

Estimate g using OLS and the above described B-spline
regression techniques for the Norway spruce data from
the entire Baden-Wiirttemberg region W and with PGS,
TGS, elevation and stand age as covariates.

Calculate residuals by e = y — XBoys.

Estimate the empirical semi-variogram (Eq. (14)) from
the empirical residuals e.

Estimate 6, o and « of the exponential covariance func-
tion (Eq. (8)) using NLS for fitting the exponential semi-
variogram model (Eq. (9)) to the empirical counterpart
(Eq. (14)).

Construct a 90 km x 90 km lattice in W* with regular
grid cells of 100 m x 100 m width.

Obtain climatic covariates, elevation above sea level
and stand age at the centroid locations of the lattice
grid cells.

Construct the design matrix X* for the lattice data in W*
using the specifications of B-splines given in Table 3.
Assume X" Bms to be the true grid cell means in W*.

B. Simulation: Perform as loop with 1000 runs.

1.

o

10.

11.

Simulate a realization of a Gaussian random field g*
with 0 mean and spatial covariance function
c(h|0, &, ) on the lattice in W*.
Calculate pseudo-data as y* = X" Bos + "
Reduce pseudo-data to be available only at existing
locations of forest inventory sample plots.
Split the reduced pseudo-dataset into 90% model data
¥, and 10% validation data yy.
Construct the design matrix X, of the mean function
for the model data.
Apply OLS to estimate p from the model data
B = (X))~ Xirdiy A
Calculate model residuals ey = y;, — X3, fum-
Use ey to estimate the empirical variogram 7%,.
Estimate the parameters of the covariance function cy,
by fitting an exponential variogram model to 95,
Plug the estimates py and ¢y in the UK kriging predic-
tor (Eq. (15)), and perform local UK kriging with 100
neighbors at locations of the validation data.
Plug the parameter estimates in the approximation of
the UK kriging variance (Eq. (17)), and construct
prediction intervals by Eq. (18).
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Fig. 2. Effect of elevation above sea level on site index modeled by B-spline basis
functions, evaluated with other variables fixed at their sample means.
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Fig. 6. Predicted relative changes of site index for Norway spruce until 2040 and 2070, covering IPCC SRES scenarios A1B, A2 and B1.

In each simulation run, the parameter estimates of the mean
function and of the variogram model are returned, also the cover-
age rate of the interval predictor and the bias in terms of the differ-
ence between the mean of the simulated validation data and the
mean of its predictions were calculated.

4. Results
4.1. Mean effects

The estimated effect which a certain independent variable has
on site index is shown by varying one variable at a time and hold-
ing other variables constant at their means derived from the model
data set. The variable elevation above sea level was used as proxy
variable which captures variance unexplained by the climate vari-
ables; a possible hidden effect may be the influence of wind speed,
which may lead to lower site indexes with increasing elevation
above sea level, as wind speed usually increases with increasing

elevation. As expected, for all tree species except oak site index
shows a more or less clear decreasing trend with increasing eleva-
tion above sea level (Fig. 2). The B-spline fits for Norway spruce
and common beech have distinct peaks at about 1100 m above
sea level. This phenomenon is caused by highly productive sites
in relatively high elevation areas of southern Schwarzwald moun-
tains nearby the Schluchsee lake, where follow-up measurements
of forest inventories have revealed high periodical increments of
growing stock. However, this causes no problems for predictions
in other regions, since an elevation above sea level higher than
1100 m occurs almost exclusively in the above mentioned region,
except for one single mountain peak in Northern Schwarzwald,
the Hornisgrinde, which has 1164 m elevation.

Keeping other variables fixed, site index shows a clearly
decreasing trend with increasing stand age (Fig. 3). This is due to
two well-known effects. Since highly productive forests are gener-
ally managed in short rotation times, old stands rather grow on
poor sites and have therefore lower site indexes; and in relation
to their short lifetime, younger forest stands were more able to
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Fig. 7. Predicted relative changes of site index for silver fir until 2040 and 2070, covering IPCC SRES scenarios A1B, A2 and B1.

benefit from positive effects caused by increased atmospheric
deposition of nitrogen and sulfur in the past. That implies that,
with respect to site index, younger forest stands might react more
sensitive to a changing climate. Because atmospheric deposition
data were not available for the present study, the variable stand
age is used as additional proxy variable to account for so far un-
known effects correlated with stand age. By setting the proxy var-
iable stand age to a constant value of 100 years, when using the
model for spatio-temporal predictions of site index, it is assumed
that likewise the unknown effects are consecutively fixed at a con-
stant level.

Among the six tree species, only site index of Douglas-fir con-
tinuously increases with increasing PGS (Fig. 4). For the other tree
species an optimum is presumably achieved between 500 mm and
600 mm. While for sessile/common oak and Scots pine site index
decreases quite rapidly for PGS higher than the optimal supply, site
index of silver fir, common beech and Norway spruce declines
rather moderately beyond the optimum PGS.

The curves in the Figs. 2-5 were plotted for the entire range
covering both types of data sets, the retrospective climate data

and the projection data from all IPCC SRES scenarios. To judge
whether predictions might become uncertain by extrapolations,
the range of the retrospective data is indicated by species depen-
dent plot symbols. Whereas for PGS the retrospective model data
cover most of the projection data range, the TGS projections go far-
ther beyond the maximum of the retrospective TGS data, particu-
larly resulting from IPCC SRES scenarios A1B and A2. Similar to
the B-splines for the PGS, the curves for TGS show also nearly a
parabolic shape with a distinct optimum for most tree species
(Fig. 5). However, in contrast to the other tree species, site index
of Scots pine has a wide optimum range for TGS. Furthermore, site
index of Scots pine declines less rapidly at the edges of the data
range. Similar to Scots pine site index of silver fir decreases quite
moderately with further increase of high TGS.

4.2. Site-index predictions

The results of the spatio-temporal predictions are presented as
maps in Figs. 6-11, in which the spatio-temporal changes of site
index are expressed as percentage changes with respect to the
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Fig. 8. Predicted relative changes of site index for Douglas-fir until 2040 and 2070, covering IPCC SRES scenarios A1B, A2 and B1.

reference year 2007. For this purpose, site-index predictions were
calculated based on 30-year averages of climate variables for the
two periods [2011,...,2040] and [2041,...,2070] and presented as
relative changes compared to the corresponding site index in 2007.

For all of the three IPCC SRES scenarios only minor changes of
site index are predicted until 2040 for Norway spruce on the cur-
rently highly productive sites of the Alpine foothills region.
Whereas site index also remains nearly unchanged in Neckarland,
Kraichgau and Rhine valley until 2040 based on the conservative
scenario B1, a decrease is predicted in these regions when using
climate projection data from scenarios A1B and A2. Site index of
Norway spruce will presumably increase in high elevation moun-
tainous regions of Schwarzwald and Swabian Alps, in relative weak
expression for scenario B1 and more clearly for A1B and A2. When
using subsequent climate projections from REMO model until
2070, the observed trends from predictions until 2040 will be fur-
ther strengthened. That is site index will decrease in Rhine valley,
Kraichgau and Neckarland, not only for scenarios A1B and A2, but
also for B1; and site index will increase in Schwarzwald and Swa-
bian Alps.

Site-index predictions of silver fir for scenarios A1B and A2 and
until 2040 indicate a decreasing trend in Rhine valley, Kraichgau
and Neckarland, and an increasing trend in Schwarzwald and in
Swabian Alps. However, in comparison to Norway spruce the site
index of silver fir will also increase on larger areas of lower eleva-
tion mountainous regions. According to scenario A2 site index of
silver fir will additionally increase until 2040 in Tauberland and
in the Schwabisch-Frankischer Wald, and in these regions even
more clearly until year 2070 for both scenarios A1B and A2. In con-
trast to Norway spruce, for which predictions based on scenarios
A1B and A2 show that site index remains nearly constant until
2070 in the Alpine foothills region, a moderate increase on those
sites may occur for silver fir.

When applying scenario B1 until 2040, almost no changes in
site index of Douglas-fir may occur in relation to reference year
2007; and until 2070 scenario B1 leads to slightly decreased site in-
dex in Rhine valley, Kraichgau and Neckarland. In the same geo-
graphical regions predictions with scenario A2 until 2040 and
with A1B until 2070 result in decreasing site indexes. Based on cli-
mate projections using scenarios A1B and A2 and until 2070 site
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Fig. 9. Predicted relative changes of site index for Scots pine until 2040 and 2070, covering IPCC SRES scenarios A1B, A2 and B1.

index of Douglas-fir may only increase in high elevation areas of
Schwarzwald and Swabian Alps.

Site index of Scots pine decreases in Rhine valley for scenarios
A1B and A2 and also in Schwarzwald mountains for scenario A2.
Scots pine’s site index might increase in Tauberland, in the
Schwabisch-Frankischer Wald, in Gdu region and on Baar sites,
more obviously for scenario A2 than for A1B. With scenario B1 site
index remains nearly unchanged in Baden-Wiirttemberg region,
except for Tauberland region, where an increase may occur. For
the climate projection data applied in the present study, Scots
pine’s site index generally alters less than site index of the other
conifers examined here.

Using scenarios A2 and A1B until 2070, site index of sessile oak
and common oak decreases in Kraichgau and Neckarland and more
strongly in Rhine valley. In almost every other region site index of
oak increases, especially in Schwarzwald, Baar and Swabian Alps
for scenarios A1B and B2, and also quite clearly for scenario B1.

Predicted changes of site index for common beech show nearly
the same spatial patterns as for Norway spruce. However, in com-
parison to Norway spruce site index of common beech may

increase on larger areas with lower elevation of Schwarzwald
and Swabian Alps. Additionally, site index of common beech in-
creases in the south-eastern part of the Alpine foothills region for
scenarios A1B and B2 until 2070 and for B1 in Schwabisch-Frdnki-
scher Wald, whereas site index of Norway spruce remains almost
unchanged on those sites with respect to the same conditions.

4.3. Validation results

By means of 1000 simulations of Gaussian random fields in a
90 km x 90 km sub-region of entire Baden-Wiirttemberg, the per-
formance of the OLS parameter estimator of the mean function, of
the NLS parameter estimator of the variogram model, as well as of
the proposed approximation of the UK predictor and of the corre-
sponding interval predictor is assessed. The simulation study
clearly states that the mean parameter estimates obtained by the
OLS estimator for the 17 B-spline basis functions are close to the
true values, what must be expected from theory. The relative bias
for the 17 parameters ranges from —2.1% to 2.0% and is therefore
negligibly small.
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Fig. 10. Predicted relative changes of site index for sessile/common oak until 2040 and 2070, covering IPCC SRES scenarios A1B, A2 and B1.

The true semi-variogram is completely covered by the 95%
envelope obtained from 1000 semi-variogram estimates (see
Fig. 12), each of which is fitted using residuals obtained from pre-
dictions by the mean function with parameters estimated via OLS.
Furthermore, the mean of the semi-variogram estimates from
1000 GRF simulations is almost of same shape as the true semi-
variogram. The true practical range parameter of the exponential
semi-variogram model, which is 3o = 8469 (Eq. (9)), differs only
slightly from the corresponding posterior mean 7664. Thus, the
NLS estimator of the parametric semi-variogram model based
on the OLS residuals is absolutely sufficient, and one can proceed
without the computationally more demanding iterative fittings of
the mean and the variogram model.

The linear mean functions and the variogram models were
estimated by means of the simulated data at real inventory loca-
tions. For the purpose of validation, in each of the 1000 simula-
tions 10% of the data were randomly excluded from model
fitting. The bias of the proposed approximation (Eq. (15)) of the

universal kriging predictor is assessed in terms of the average dif-
ference between the predictions and the simulations at the vali-
dation locations. The relative bias of the 1000 simulations
ranges from —1.1% to 1.0% (see Fig. 13), and the average bias is
—0.0027%. Hence, the approximation of the UK predictor, pre-
sented in Eq. (15), proves to be approximately unbiased under
the given test conditions.

The applied interval predictor (Eq. (18)) based on the approxi-
mation of the kriging variance (Eq. (16)) shown in Eq. (17) achieves
coverage rates ranging from 0.925% to 0.971% (see Fig. 14). The
mean coverage rate from 1000 simulations is 0.94951%, which is
very close to the nominal probability of 95%. That means the pro-
posed interval predictor is sufficiently exact.

Summarizing, the methods proposed in this paper comprise (i)
an approximately unbiased spatial predictor of site index in
Baden-Wiirttemberg, (ii) an unbiased interval predictor of site
index, and (iii) an approximately unbiased NLS estimator of the
spatial covariance function.
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Fig. 11. Predicted relative changes of site index for common beech until 2040 and 2070, covering IPCC SRES scenarios A1B, A2 and B1.

5. Discussion and conclusions

This paper provides a straight forward and numerically easy to
apply methodological framework for spatio-temporal site-index
prediction based on a flexible and simplified universal kriging
method and on a large amount of representatively distributed for-
est inventory sample plots. Using B-spline basis functions with
only a small number of knots enables application of OLS for linear
models and produces flexible cause-and-effect curves having a bio-
logically plausible shape. To decide upon an optimal number and
location of knots, modern standard software packages, such as
the R-library mgcv (Wood, 2000), work with penalized least
squares based on minimization of second order derivatives; for de-
tails the reader is referred to the standard textbooks of Wood
(2000) and Hastie and Tibshirani (1996). However, in this study
we chose the number and location of the knots heuristically,
guided by visual assessments, to avoid illogical behavior of the

smooth functions beyond the range of the model data. That was
essential, because the regression model was applied to climate
projection data which exceed the range of the model data, meaning
that the trend model had to be extrapolated in some situations.
Furthermore, we could reduce the usually extremely large number
of regression parameters of nonparametric models to only 17 in
our linear UK trend model, which thus can easily be implemented
in the stand-alone forest inventory software of Baden-
Wiirttemberg.

The reader should note that the UK approach presented in this
paper also belongs to the broad class of geoadditive models
according to modern terminology used in the German standard
textbook on regression modeling of Fahrmeir et al. (2009). In
Fahrmeir et al. (2009) applications are shown, where statistical
inference is based on penalized least squares or likelihood ap-
proaches, a mixed model representation, or the full Bayesian infer-
ence with application of Markov chain Monte Carlo (MCMC)
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Fig. 13. Distribution of relative bias [%] of the universal kriging predictor. For each
of the 1000 Gaussian random field simulations, bias was evaluated on the 10%
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Fig. 14. Distribution of coverage rates of the interval predictor. For each of the 1000
Gaussian random field simulations, coverage rate was evaluated on the 10%
validation data, which were excluded from model fitting. The vertical solid line
indicates mean coverage rate from the 1000 simulations.

techniques. Bayesian inference using MCMC is often applied for
discrete location variables on Markov random fields and when data
are sparse. However, in the application presented in this paper, the
location variables are continuous X- and y-coordinates, and conse-
quently the theory of Gaussian random fields was applied. Due to
the large amount of data a representation of our regression prob-
lem in form of a mixed model had failed, but it is shown that easy
to apply ordinary least squares techniques may also provide an
unbiased point predictor and an almost exact interval predictor if
large data sets are available.

The approach to spatial interpolation presented in this paper is
in contrast to the methods shown in Wood (2006) for smooth mod-
eling of spatial effects using tensor product splines or thin plate
regression splines. Whereas the latter methods are hard to imple-
ment in stand-alone software programs, our approach is based on a
parsimonious spatial covariance function having only three param-
eters and resulting in the straightforward and easy to apply spatial
predictor in Eq. (15).

In fact, the extrapolations beyond the range of modeling data
may be seriously misleading. However, this is a general dilemma
associated with the prediction of climate change effects, particu-
larly when dealing with long-term projections of climate variables
which are outside the range of the climate conditions known from
the past. Future attempts to solve that dilemma must make use of
additional inventory data from other regions and countries, where
more extreme climate conditions than in Baden-Wiirttemberg can
be observed.

All unknown effects on site index were covered by the spatially
structured error which is modeled by the exponential covariance
function; in this context the reader may recall the mixed-model
representation of the universal kriging model in Eq. (5) with b
being the spatial random effect. So far, no information was
available for soil conditions in Baden-Wiirttemberg. Therefore, in
future work a hydrologic balance model will be applied to the ret-
rospective climate data as well as to the climate projection data,
and the model output will be used as additional regressor in the
UK trend function. The same applies to nitrogen and sulfur, for
which no reliable temporal and spatial data of atmospheric depo-
sitions were available. According to the findings in Albert and
Schmidt (2010), CO2 concentration was not used as regressor.
The latter authors found that site index is linearly related to atmo-
spheric CO2 concentration in the past, but when using future prog-
noses of CO2 from IPCC SRES scenarios the projections of site index
showed ill performance.

Ideally, the growth pattern should have been observed over
long periods to model dominant height growth for projections of
site index (Assmann, 1970). That means our approach, by fitting
the growth model to height increments obtained from inventory
data and applying Eq. (3) for height growth projections, does not
exactly yield site index. However, the authors are aware of the fact
that the approach of height projection applied in this study is
rather an approximation, due to the lack of long-term observations,
which have not been available. One could also imagine using the
year of germination as an additional proxy to account for changing
growth conditions, which may possibly be caused by increased
atmospheric deposition of nitrogen and sulfur in the past. How-
ever, since the inventory data were collected only over a short time
period, the year of germination is closely represented by the vari-
able stand age from our model. As a possible solution in future
studies, additional data from long-term trial plots could be pooled
together with the already applied inventory data to more precisely
account for growth trends over time. Future periodic inventories
could also stepwise be integrated to improve the model.

The parabolic shape of the PGS regression curves seems argu-
able, as for higher precipitation enhanced water availability is gen-
erally expected. Because soil variables, such as nutrient supply or
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water holding capacity, were not available for the present study,
the B-spline curves may also represent other unknown effects
associated with PGS. Keeping other variables fixed, high precipita-
tion generally hinders soil aeration and promotes acidification,
which both may lead to reduced nutrient supply and finally to a
lower site index.

The approach presented in this paper to derive retrospective cli-
mate data is rather complex and computational demanding, espe-
cially with respect to the dynamical downscaling steps
incorporating the NCAR/NCEP reanalysis series and using the re-
gional climate model WRF. The reader may ask whether just a
regionalization of long-term met station observations would like-
wise provide sufficient results. The rationale for our approach
was to consistently apply process-based climate model data for
both, the prediction and the modeling of site index. Another reason
was that met stations are generally installed at locations showing
homogeneous topographical conditions, and thus making a down-
scaling solely based on regression analysis nearly impossible.

Major results from IPCC SRES scenarios are predictions of future
greenhouse gas emissions. However, at present we have ignored
the possible effects on tree growth caused by an increase of atmo-
spheric CO2 concentration. Higher supply of CO2 may lead to high-
er absolute photosynthesis rates and enhanced water efficiency.
Both effects may partially compensate for depressing effects in-
duced by drought as found in the papers of Tolley and Strain
(1984) and Aber et al. (1995). In future work a collaboration with
plant physiologists is planned, to consider state-of-the-art knowl-
edge about these mechanisms.

In the present study, the spatial autocorrelation is assumed to
be time-invariant, meaning that 6 and « in Eq. (8) remain constant
over time. The authors are aware of the fact that this might not
hold. However, in Baden-Wiirttemberg regional forest inventories
with relatively dense sampling grids have regularly been con-
ducted not until the late nineties, and from most of the sample
plots only one follow-up measurement is available because of
the 10 year inventory cycle. Thus, the available inventory data
were not sufficient to model temporal effects on the spatial error
component explicitly.

The reader may have expected envelopes for the predicted fu-
ture changes of site index. In the present paper the relative differ-
ences are shown between site-index predictions for a certain
future period and for the reference year 2007 (Figs. 6-11). The spa-
tially correlated error (right summand in Eq. (15)) of the mean
function is held constant over time. Thus, when calculating the dif-
ference between the two site index predictions at a single location,
the predicted spatially correlated error cancels out. Additionally,
the error of the mean model can be neglected when spatially pre-
dicting site index; this is due to the large amount of data. Because
the error of the mean model can be neglected, and because spatial
error is constant over time, a reasonable approach to model uncer-
tainty of future site index predictions is to apply different climate
scenarios. Therefore, in future work, projections of different regio-
nal climate models will be used, not only for the well-known IPCC
SRES scenarios, but also for scenarios expected in the near future
based on the Representative Concentration Pathways (RCP) (Moss
et al,, 2010).
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